ABSTRACT The problem of community detection has attracted great attentions from various fields and community structure is one of the most important characteristics in complex networks. However, there are few researches on the detection of anti-community structure, where the nodes share no or few connections inside their group they belong to but most of their connections outside. In Traditional Chinese Medicine (TCM), the incompatibility problem of herbs is a great challenge to clinical medication safety, which becomes a serious threat to public health. In this paper, a new ANti-community detection algorithm based on the DEgree and the RATio between the Inner degree and the Outer degree of a Node (ANDERATION), is proposed, in which these two factors are firstly introduced to detect anti-community structure by first creating the initial anti-community structure and then maximizing the objective function. Experimental results on 15 synthetic and 14 real-world networks demonstrate that the proposed algorithm can detect better anti-community structures with less running time than the existing algorithms. By applying ANDERATION to the herb network, we find that it is effective in exploring incompatible herb combinations in TCM.
I. INTRODUCTION
Many complex systems in the real world exist in the form of networks, such as collaboration networks, social networks, biological networks, and drug networks, etc., which are collectively viewed as complex networks [1] - [3] . In a complex network, nodes represent objects and edges denote the interactions among objects. One of the main challenges in the field of complex network is to detect community structure [4] - [6] , which can help to explore the organization of a complex system and uncover its function groups [7] , [8] . Recently, many
The associate editor coordinating the review of this article and approving it for publication was Weisi Guo. methods have been proposed for community structure detection by utilizing neighborhood, maximal sub-graph, maximal cliques, intimate degree, core-vertices, subspace decomposition, etc. [9] - [12] . These methods achieve encouraging results and are capable in revealing the functional entities or units of a complex system [13] - [15] . Bipartite networks can be regarded as networks with the two non-overlapping groups of nodes and the edges that are only connecting to the nodes belonging to different groups [16] , [17] . The detection of bipartite communities in bipartite networks also attracts much attention in the past decade [18] , [19] .
However, another structure where the nodes share no or few connections inside their group they belong to but most of VOLUME 7, 2019 This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see http://creativecommons.org/licenses/by/4.0/ FIGURE 1. An example of anti-community structure. The nodes with same color belong to the same anti-community.
their connections outside is called anti-community structure shown in Figure 1 [20] , [21] . Many real-world networks own the characteristic of anti-community structure [22] , such as a transmitted network of sexual diseases, a co-occurrence network of nouns and adjectives, and a divorce network of couples, etc. By detecting anti-community structure in real-world networks, we can explore negative relationships, such as non-cooperative relationship, competitive relationship, or even hostile relationship among individuals, corporations, and countries. For example, Karate is a friendship network of 34 members in a karate club at an American university in the 1970s. Due to the disagreement between the administrator and the instructor of the club, Karate is divided into two communities with the similar number of members. Detecting anti-community structure in Karate can partition the members into several groups with no or few friendship relations inside. In this way, some negative relationships, such as the disagreement between the administrator and the instructor can be explored inside anti-communities. In Traditional Chinese Medicine (TCM), the herb combinations with mutual assistance and mutual reinforcement relationships can enhance the medical efficacies of herbs in disease treatments. However, the herb combinations with incompatible relationship (e.g., glycyrrhizae radix et rhizoma and sargassum, glycyrrhizae radix et rhizoma and genkwa flos [23] - [25] ) may result in adverse efficacies or produce severe toxicity to human body, which becomes a significant threat to public health. For example, glycyrrhizae radix et rhizoma can enhance the dissolution of toxic ingredients diterpenes from genkwa flos. The combination of these two herbs may inhibit the motility of gastrointestinal-tract and lead to more residence time of the toxic ingredients in gastrointestinal-tract, which ultimately promotes the absorption of the toxic ingredients. Recent studies adopt medical experiments to explore the incompatibility of herbs in TCM [26] , [27] , which are restricted in terms of small scale, long duration, and high cost. Here, we pay attention to exploring the incompatible herb combinations by detecting the anticommunity structure in the herb network so as to provide appropriate herb regulatory and establish safe medication for public health.
In this paper, we propose a new algorithm for anticommunity detection, and apply the algorithm to the herb network to explore incompatible herb combinations in TCM. In our previous work [28] , a random non-neighboring node expansion algorithm (REON) is designed to detect anti-community structure in complex networks and explore incompatible herb combinations in the herb network. However, the structures provided by REON are greatly dependent on the order of nodes in the non-neighboring expansion, which results in its poor performance in the exploration of incompatible herb combinations. In addition, it can be found that the existing anti-community detection algorithms always handle the nodes in random and neglect the topological properties of nodes, leading to their relatively low effectiveness and efficiency in dealing with real-world networks. In practice, different nodes play different roles in the process of anti-community detection. Specifically, we find that two factors, i.e., the degree (DEG) and the ratio between the inner degree and the outer degree of a node (RIO), have great impacts on the detection of anti-community structure. In this work, we first analyze the impacts of DEG and RIO on anti-community detection and then propose a new algorithm ANDERATION, which consists of two stages: initialization of anti-community structure and maximization of the objective function anti-modularity, for anti-community detection. Based on the assumption that the herbs with lower co-occurrence frequency in the same prescription are more likely to form incompatible herb combinations, which is in accordance with the anti-community structure, that is, the less the number of edges among the nodes, the higher the possibility of the nodes to form an anti-community, ANDERATION is applied to the herb network for exploring incompatible herb combinations. The herb network is constructed by viewing an herb as a node and the co-occurrence of two herbs in the same prescription as an edge. Experimental results on synthetic, real-world and herb networks demonstrate the effectiveness of ANDERATION in detecting anti-community structure and exploring incompatible herb combinations in TCM.
The remaining part of this paper is organized as follows. The related work is reviewed in Section 2. In Section 3, we first analyze the impacts of factors DEG and RIO on anti-community detection, and then introduce the algorithm ANDERATION for anti-community detection. In Section 4, we first discuss the parameter of the proposed algorithm and then present the experimental results of ANDERATION in synthetic, real-world and herb networks compared with five existing algorithms. Finally, some conclusions are drawn in Section 5.
II. RELATED WORK
In this section, we first briefly review current anti-community detection algorithms, and then introduce research efforts on the exploration of herb incompatibility in TCM.
A. ANTI-COMMUNITY DETECTION
Researches on anti-community detection can be categorized into two classes: direct methods for anti-community detection and variant methods from community detection algorithms.
When a network comprises only two anti-communities, it is called bipartite graph or ''two-mode'' network and the detection of anti-community structure is to explore the largest bipartite sub-graphs [21] , which is similar to but not equivalent to the problem of searching for the maximum cut in a graph. An approximation algorithm for Max Cut by the smallest eigenvalue is proposed by Trevisan [29] , which obtains the approximation ratio of 0.531. Alon and Sudakov [30] provided two results about the relation between bipartite sub-graphs and the smallest eigenvalue of a graph. The first one is that in the graph with diameter D, node number |V |, and maximal degree , the smallest eigenvalue µ satisfied µ ≥ − + 1 ((D + 1)|V |). The second one is the determination of the approximation guarantee of the Max Cut algorithm [31] for graph G = (V , E), in which the size of the max-cut is at least α|E|, α ∈ [0.85, 1], |E| is the number of edges in graph G. Except for the direct algorithms for bipartite sub-graphs detection, a label propagation algorithm LPAD is developed by Chen et al. [22] to detect multi-partite structure. In LPAD, the authors designed an objective function anti-modularity for the evaluation of anticommunity structure, which measures the difference between the number of paths connecting the nodes within groups via a node in another group and the expected number in an equivalent network with the edges placed in random. Compared with the algorithm proposed by Wang [32] , LPAD provided better anti-community structures in synthetic and real-world networks.
As for the variant methods from community detection algorithms, Newman [20] respectively used the largest and the least eigenvalues to identity community and anti-community structure in networks. By applying the proposed algorithm to the co-occurrence network of Adjectives and Nouns, the author found that the obtained structure is approximately bipartite, where one group is almost composed of adjectives and the other of nouns. Wang [32] tried to detect the anticommunity structure by using the eigenvectors corresponding to the least negative eigenvalues of the modularity matrix. With the number of anti-community as prior knowledge, this method can accurately detect multi-partite and approximately multi-partite structures. Newman and Leicht [33] used the machinery of probabilistic mixture models and the expectation-maximization algorithm to detect a great range of network structures, such as community structure, anti-community structure, and core-periphery structure, etc. Experiments on synthetic and real-world networks indicate that this algorithm is capable of revealing the structural properties of networks.
The existing algorithms for anti-community detection always deal with nodes in random and neglect the topological properties of nodes. However, different nodes play different roles in the process of anti-community detection.
In this paper, we analyze the impacts of two factors, DEG and RIO on anti-community detection and handle the nodes differently so as to better detect anti-community structures in networks.
B. HERB INCOMPATIBILITY EXPLORATION IN TCM
To explore the incompatibility of herb in TCM, researches usually conduct medical experiments to reveal the causes of different incompatible herb combinations. For example, Xin et al. [26] adopted the method of electrospray ionizationmass spectrometry to study the toxicity of wu-tou-tang. By analyzing the contents of toxic components in the co-decoction of wu-tou-tang and the co-decoction of wutou-tang, pinelliae rhizoma, fritillariae thunbergii bulbus, and fritillariae cirrhosae bulbus before and after intestinal bacterial metabolism, the authors found that the above three herbs can increase the toxicity of wu-tou-tang. Cao [24] conducted the medical experiments on goiter rat to study the toxicity-effect characteristics and material foundations of the incompatible combination of sargassum and glycyrrhizae radix et rhizoma. The experiments indicated that the combination of these two herbs may induce toxicity on liver and kidney and change the content of triglycerides in serum. Chen [25] conducted the same research on the incompatible combination of genkwa flos and glycyrrhizae radix et rhizoma. The results proved that the diuretic and gastrointestinal motility effects of genkwa flos can be inhibited when it is combined with glycyrrhizae radix et rhizoma. Based on the method of ultra performance liquid chromatography/time-offlight mass spectrometer with multivariate statistical analysis, Wang et al. [34] discussed the chemical composition of the combination of aconitum carmichaelii debx and pinelliae rhizoma. They found the significant difference in the components of decoctions between these two herbs used together and separately, which may account for the incompatibility of these two herbs.
In this paper, we utilize anti-community structure to mimic the incompatibility of herbs, detect the anti-community of incompatible herbs, and explore incompatible herb combinations in the herb network.
III. METHOD
In this section, we first introduce the objective function anti-modularity for evaluating anti-community structure. And then, the impacts of two factors DEG and RIO, on anticommunity detection are analyzed. Finally, the detailed descriptions of ANDERATION algorithm are presented.
A. ANTI-MODULARITY
Modularity is an important objective function for evaluating the significance of community structure proposed by Newman [20] . The higher the value of modularity leads to the better the community structure. Inspired by the formulation of modularity, we introduce a new objective function antimodularity that measures the difference between the actual fraction of non-edges within an anti-community and the fraction of the expected non-edges in a random network with same size and node degree distribution, for anti-community structure evaluation. Considering a network G = (V , E) with |V | being the number of nodes, |E| being the number of edges, VOLUME 7, 2019 and |C| being the number of anti-communities, we denote A = [A v i v j ] and k v i to be the adjacency matrix of network G and the degree of node v i , respectively. For anti-community c t , v i , v j ∈ c t , the actual fraction of non-edges between nodes v i and v j is (1 − A v i v j )/2|E|, and the fraction of the expected number of non-edges between these two nodes in a random network with the same size and node degree distribution is (1 − k v i k v j /2|E|)/2|E|. Thus, the anti-modularity can be defined as follow:
where 1] . If the actual number of non-edges inside anti-communities is greater than the expected number of nonedges in a random network, then Q > 0. The higher the value of Q, the better the anti-community structure. In the second stage of ANDERATION, we aim to adjust the group membership of nodes by iteratively moving the node from its anti-community to the one with the maximal increment of anti-modularity. Thus, the increments of anti-modularity Q c t −{v i } and Q c r +{v i } when node v i is removed from the anti-community c t it belongs to and added into a new anticommunity c r can be calculated as follows:
where k c r and k c t −{v i } denote the sum of node degree inside anti-community c r and anti-community c t −{v i }, respectively,
A v i c r and A v i c t represent the number of edges between node v i
and anti-community c r and number of edges between node v i and anti-community c t , respectively.
B. ANALYSIS OF DEG
To analyze the importance of DEG on anti-community detection, we provide the anti-community structures of a simple network output by five comparison algorithms (Anti-Louvain, F-Anti-Louvain, LPAD, Spectral, and Di-Spectral), as shown in Figure. 2. It can be observed that the nodes with high degree such as nodes v 1 and v 2 , nodes v 6 and v 7 , nodes v 11 and v 12 are always in the same anticommunities for different algorithms, while the nodes with low degree are assigned to different anti-communities for different algorithms, which indicates that the assignments of the nodes with high degree are relatively more fixed than those of nodes with low degree. Among the comparison algorithms, we observe that only Anti-Louvain can explore the true partition and its value of anti-modularity is higher than those of other algorithms, as shown in Figure 2 (b). In Anti-Louvain, the anti-community detection is modeled as a problem of maximizing anti-modularity such that each node is iteratively moved into the group with the maximal increment of antimodularity until the anti-modularity is not increased anymore. In order to explore the effectiveness of Anti-Louvain and further analyze the importance of DEG in the process of anti-community detection, we apply Anti-Louvain to Karate network and record the average movements of each nodes in 30 independent trials, as shown Table 1 . It can be seen that the average movements of nodes with high degree are less than those of nodes with low degree in most cases. These two results suggest that preferential consideration of the nodes with high degree can reduce the movements of the nodes and help to explore better anti-community structure with less computational cost.
C. ANALYSIS OF RIO
In this subsection, we aim to discuss the significance of RIO in anti-community detection.
Definition (RIO of a Node):
Considering node v i , v i ∈ c t , we define the ratio between the inner degree and the outer degree of node v i as follow:
where These results indicate that the assignments of the nodes with low RIO are more fixed than the ones with high RIO, which also demonstrates that the factor RIO plays an important role in the assignments of nodes and has great impacts on the final anti-community structure.
Above two phenomena prove that different nodes play different roles in the process of anti-community detection. Two factors, DEG and RIO, are important for anti-community detection. On the one hand, a node with high degree locates more fixedly and requires less movements than the one with low degree. On the other hand, the assignment of the node with low RIO is more fixedly than the one with high RIO. In the proposed algorithm, we preferentially consider the node with high value of DEG and low value of RIO so as to explore better anti-community structure with less computational cost.
D. THE ANDERATION ALGORITHM
The ANDERATION algorithm consists of two stages, initialization of anti-community structure and maximization of anti-modularity. Step 1: Given an undirected network G, set the initial anticommunity structure C = ∅, the number of anti-communities K = 0, order all nodes in the descending order by DEG and denote the ordered node set as V , set i = 1.
Step 2:
Step 4, else for anti-community c r , r = 1, . . . , K , calculate its ratio of inner degree to outer degree RIO(v i ) c r when node v i is added into anti-community c r , and proceed to Step 3.
Step 3: If ∃c r satisfies c r = arg min RIO(v i ) cr ≤β (RIO(v i ) c r ), then c r = c r ∪ {v i }, else renew K = K + 1 and set c K = {v i }, C = C ∪ {c K }, and proceed to Step 4.
Step 4: Set i = i + 1, if i > |V |, then output the initial anti-community structure C, else return to Step 2.
2) MAXIMIZATION OF ANTI-MODULARITY
This stage aims to adjust the group membership of nodes in the initial anti-community structure by maximizing the value of anti-modularity so as to output a better anti-community structure. For each node v i , we aim to move v i from its anti-community c t to the anti-community c r with the maximum increment of anti-modularity Q c r +{v i } and Q c t −{v i } + Q c r +{v i } > 0, where Q c t −{v i } is the increment of antimodularity when v i is removed from its anti-community c t and Q c r +{v i } is the increment of anti-modularity when v i is added into a new anti-community c r . The process is executed until there is no increase of anti-modularity. In this stage, we also preferentially consider the node with high degree. The main steps of this stage are described as follows.
Step 1: Given the initialized anti-community structure C, the ordered nodes set V , and set i = 1, |C| = K , and Q = 0. Here, Q is used to record the increment of anti-modularity in each iteration.
Step 2: Calculate the increment of anti-modularity Q c t −{v i } , if node v i is to be removed from its anticommunity c t .
Step 3: For c r , r = 1, . . . , |C|, and c r = c t , calculate the increment of anti-modularity Q c r +{v i } , if node v i is added into a new anti-community c r .
Step 4: If ∃c r satisfies c r = arg max r=1,...,|C| ( Q c r +{v i } ) and Q c t −{v i } + Q c r +{v i } > 0, then node v i is removed from its anti-community c t and added into anti-community c r , update Q = Q + Q c t −{v i } + Q c r +{v i } .
Step 5: Set i = i + 1. If i ≤ |V |, then return to Step 2, else if i = |V | and Q > 0, then set i = 1, Q = 0, and return to Step 2, else if i = |V | and Q = 0, proceed to Step 6.
Step 6: Output the final anti-community structure C. 
anti-modularity is O(|E||C|). Thus, the total complexity of the ANDERATION is O(|V | log |V | + |E||C|).
As for the space complexity, ANDERATION only needs to store the edges of networks and the obtained anti-community structure. Then its space complexity is O(|E| + |V |), which is lower than that of Di-Spectral and Spectral. The latter two methods need store the adjacent matrix to calculate the eigenvalues and eigenvectors in advance. Therefore, ANDERATION can be applied to detect anti-community structure in large networks.
IV. EXPERIMENTS
In this section, each experiment is executed 50 independent trials in C# on a computer with an Intel Xeon processor running at 3.30 GHz and 8GB real memory. The impact of RIO on the anti-modularity is first discussed. The proposed algorithm and five existing algorithms are then compared on synthetic and real-world networks in terms of anti-modularity and running time. Finally, ANDERATION is applied to explore incompatible herb combinations in the herb network.
A. DATASET
In this paper, 15 synthetic and 14 real-world networks are adopted to evaluate the performance of the proposed algorithms. Synthetic networks are generated by the LFR benchmark [35] , as shown in Table 2 . In the LFR benchmark, the node degree and the group size follow the power-law distribution with exponents α and β, respectively. Here, we set α = 2 and β = 1. The ratio between the external degree of a node with respect to its group and its total degree is controlled by the mixing parameter µ. We set µ as 1 to ensure that edges are all located among anti-communities. The maximal degree is set to 50. The maximal anti-community size MAXC and the minimal anti-community size MINC control the scale of anticommunity structure, in which MINC = 10 and MAXC = 50 indicates the benchmark owns a small scale, and MINC = 20 and MAXC = 100 denotes the benchmark owns a large scale. For convenience, the benchmark with |V | nodes, small or large scale and average degree D are denoted as a triple
The real-world networks are divided into two categories, bipartite networks and non-bipartite networks [36] - [38] , which are given in Table 3 . (1) Southern Women presents the participation of 18 women in 14 social events in 1930s. (2) Karate is a friendship network between 34 members of a karate club at a US university in the 1970s, which is divided into two communities due to the disagreement between the administrator and the instructor. 
B. COMPARISON ALGORITHMS
In this paper, ANDERATION is compared with five existing anti-community detection algorithms: LPAD algorithm [22] , dichotomy-based spectral algorithm (Di-Spectral) [20] , spectral algorithm (Spectral) [32] , anti-Louvain algorithm (Anti-Louvain), and fast anti-Louvain algorithm (F-Anti-Louvain). Louvain algorithm [39] is a well-known method for community detection. Here, Louvain algorithm is improved into Anti-Louvain algorithm for anti-community detection. F-Anti-algorithm, which is based on the fast Louvain algorithm [40] , speeds up Anti-Louvain by randomly selecting a non-neighboring node with an anti-modularity increase. The complexity of the compared algorithms is shown in Table 4 . It can be observed that the time complexity of ANDERATION is lower than the existing algorithms and its space complexity is same as that of LPAD, Anti-Louvain, and F-Anti-Louvain.
C. PERFORMANCE EVALUATION
In ANDERATION, RIO threshold β has a great impact on anti-modularity and the final anti-community structure. A higher value of threshold β may lead to more number of edges inside anti-communities. Here, we discuss the impact of threshold β and provide the best values of β and anti-modularity for synthetic and real-world networks. For each experimental network, we vary the threshold β from 0 to 0.5 with the step of 0.01 and output the highest antimodularity, as shown in Tables 5 and 6 . When β = 0, no edge can be found inside the anti-communities and the detected structure is a complete multipartite structure.
D. EXPERIMENTAL RESULTS
The results of the anti-modularity of comparison algorithms for synthetic networks are shown in Table 7 . Given the number of nodes and its average degree, it can be observed VOLUME 7, 2019 that the large benchmarks provide higher values of antimodularity than the small ones for ANDERATION. In addition, the increase of average degree leads to the decrease of the anti-modularity due to that the increase of the average degree confuses the anti-community structure of networks and leads to the increase of difficulty in anti-community detection. We find that Spectral and Di-Spectral cannot output the results in five days for some networks because with the increase of the number of nodes and average degree, the running time for calculating the eigenvalues and eigenvectors of the modularity matrix increases exponentially. In addition, only LPAD and ANDERATION can deal with the benchmarks with 5000 nodes. The reason is that at the beginning of Anti-Louvain and F-Anti-Louvain, each node forms an anticommunity and tried to be added into the anti-community with the maximal increment of anti-modularity, leading to high computational cost in calculating the increment of the anti-modularity and many redundant movements. Among comparison algorithms, ANDERATION provides the highest anti-modularity in synthetic networks. Anti-Louvain takes the second place followed by F-Anti-Louvain in most cases.
The results of the running time of comparison algorithms for synthetic networks are shown in Table 8 . It can be seen that with the increase of the number of nodes and average degree, the algorithms spend more time to output the anticommunity structures. ANDERATION requires less running time to output better anti-community structures than others. Due to the low efficiency in the calculation of eigenvalues, Spectral and Di-Spectral spend far more running time than the others, which are not shown in Table 8 . Table 9 shows the anti-modularity of comparison algorithms for 14 real-world networks. We find that ANDERATION outputs the highest anti-modularity for each network. Anti-Louvain takes the second place in most cases. Di-Spectral regards both Dolphin and Netscience as an anticommunity and its anti-modularity is zero. As Spectral cannot identify the anti-community structure in terms of Netscience and CelEgansNeural, their results are less than zero.
To further compare the comparison algorithms, we take Karate network as an example and their results are shown in Figure 3 . Karate is divided into two communities because of a disagreement between the administrator (nodev 1 ) and the instructor (nodev 34 ). We find that the number of anti-communities obtained by F-Anti-Louvain and LPAD is more than that by other algorithms and some anticommunities consist of less than three nodes, which leads to the incompact anti-community structures. It can be seen from Figures 3(d) and (f) that some anti-communities output by LPAD and Di-Spectral consist of only one node. In addition, the results output by Spectral and Di-Spectral do not satisfy the characteristics of the anti-community structure, because there are many edges inside some anti-communities. 
E. INCOMPATIBILITY EXPLORATION IN TCM
In TCM, the relationships among herbs include mutual assistance, mutual reinforcement, mutual detoxication, mutual restraint, antagonism and mutual inhibition. In particular, mutual restraint is considered as the toxicity of an herb can be inhibited by another one. Antagonism denotes that the efficacies of an herb can be damaged by another one. Mutual inhibition represents that the combination of herbs may produce severe toxicity to human body. These three relationships are regarded as the incompatibility of herbs in TCM. In order to establish the herb network [41] , we collect 271 herbs and 712 compatible herb pairs widely used for different diseases. An herb pair is composed of two herbs with high co-occurrence frequency in the same prescription. In the herb network, the herbs in the same anti-communities have a high possibility of incompatibility. In this paper, we assume that the higher the anti-modularity of the anti-community structure, the stronger the incompatibility of the herbs to form incompatible herb combinations.
The anti-community structure detected by ANDERATION with β = 0.2 is shown in Figure 4 . The incompatible herb combinations can be explored inside anti-communities, which are filled by red, green and yellow shown in Figure 5 . Table 10 provides the incompatible herb combinations found in these three anti-communities, which are verified by Professors Xiao, Liu, Chen, and Zhai. Some incompatible herb combinations have been confirmed by medical experiments. For example, the combination of rhizome of Chinese monkshood andrhizoma bolbostemmae will inhibit the activity of enzymes CYP1A2 and CYP2E1and ultimately affects the function of liver [42] .
V. CONCLUSION
Current anti-community detection algorithms handle the nodes randomly and neglect the topological properties of nodes during the detection of anti-community structure. In this paper, we first discuss the impacts of two factors, DEG and RIO on the anti-community detection by analyzing the structures detected different algorithms. Then, a new algorithm ANDERATION is designed for anti-community detection by preferentially considering the node with high DEG and low RIO. Computer simulations are conducted on 15 synthetic and 14 real-world networks, which show that the proposed algorithm can identify the anti-community structure with higher anti-modularity and less running time compared with the existing algorithms. Equipped with the similarity between the anti-community structure and the incompatibility of herbs, we apply ANDERATION to explore incompatible herb combinations in the herb network.
We also find that the herb combinations inside the detected anti-communities are not necessarily incompatible and need to be further verified. On the one hand, the objective function anti-modularity may not be suitable for the incompatibility of herbs very much. On the other hand, the herb pairs collected in this paper are not enough, which affects the final anticommunity structure detected in the herb network. In our future work, we aim to further enrich the set of herb pairs and validate the explored incompatible herb combinations by pharmacological techniques, such as network pharmacology [43] , molecular docking [44] and drug-drug interaction prediction [45] so as to reveal their biological mechanisms in TCM. 
